 Wearable Technologies and Internet of things are becoming increasingly popular in both personal and commercial applications with the employment of embedded system technologies. However, there are several challenges that need to be addressed in realizing wearable technologies. One notable challenge is how to supply power in embedded devices [1] . The traditional battery is not promising due to its limitations in size, safety, and battery life. Therefore, it is crucially important to develop alternative power supplies that are suitable for wearable embedded devices. Among many possible ways, energy harvesting is one of the feasible solutions that satisfy the power requirements and characteristics of wearable technologies at the same time. There are many harvestable energy sources in our living environment, including thermal, kinetic, and indoor photovoltaic (PV) [1] . Accordingly, many energy harvesters are devised to harvest these ambient energy sources, such as thermoelectric generator (TEG), vibration energy-harvesting circuits using piezoelectric (PZ) materials, and indoor PV generator. More specifically, TEG converts the temperature difference between the heat source and the ambient environment directly into electricity through the thermoelectric effect. The PV generator converts solar energy into electricity using semiconducting materials that exhibit the PV effect, and the PZ harvester generates electricity from the movement caused by mechanical stress [2] .
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Nevertheless, there are several shortcomings in depending on ambient energy sources to power the processors on the harvesters. One shortcoming is that the power generation is intermittent, since most of these energy sources are not stable. In addition, the energy sources are operated at relatively low conversion efficiency, as only a small portion of the total energy can be transmitted. Therefore, these unreliable energy sources may cause frequent disruptions during process or execution, leading to data loss and interruption of the application program, with potentially disastrous results in mission-critical systems. Furthermore, frequent on/off of the harvesting system adds more burden to the limited power budget and degrades the performance such as computational errors and energy efficiency. To address the intermittent power supply problem, nonvolatile processors (NVPs) have been proposed to ensure the instant on/off for Editor's note: One promising application of emerging memories is to implement a nonvolatile memory hierarchy that can retain the data when power is removed. In this work, the authors present some design techniques of nonvolatile processors with a multisource energy-harvesting system that combines thermal, kinetic, and indoor photovoltaic sources to provide a stable power supply.
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Tsinghua University embedded systems under the unstable power supply. NVPs are normally equipped with on-chip nonvolatile memories, e.g., ferroelectric random access memory (FRAM) [3] . When a power outage occurs, the NVP state will be saved into the nonvolatile FRAM using flip-flops, and the previously saved state can be recovered from the interrupted points when power resumes. Thus, NVPs guarantee the program execution with no data loss under intermittent power supplies.
Over-frequent power failures may cause severe performance degradation in embedded systems such as computation errors and excessive energy consumption even with the incorporation of NVPs. For embedded systems with energy harvesting, NVPs generally operate under indoor environment and indoor energy sources are relatively intricate to harvest. One single indoor source energy harvesting is sporadic and variable due to its dependency on energy flow fluctuation and ambient conditions. Therefore, effective methods are required to increase the overall converted output power and reliability. In addition, accurate power harvesting prediction is critical for ambient energy-harvesting-based NVPs as the power harvesting prediction has the ability to coordinate with the task scheduler in the operating system (OS) of NVPs.
In this paper, we combine multiple indoor energy sources including TEG, PV, and PZ, to eliminate the limitation of single energy source (unstable and sporadic) and increase the overall converted output power to obtain a joint stable power source that effectively drives energy-harvesting-based embedded systems. We adopt artificial neural network-based energy-harvesting prediction methods, which are responsible for predicting the time of the next power failure of the NVPs and compensating the power failure through triggering the OS scheduler. We perform comprehensive comparison works regarding mean square error (MSE) of the multiple proposed prediction mechanisms. More specifically, the major contributions of this paper are as follows:
• Maximum power extraction optimization. To reduce the overhead of algorithm-based maximum power point (MPP) tracking method, we fix the duty ratio of dc-dc converter of PV such that the output voltage is fixed at a certain appropriate point, which can achieve the near-maximum power output.
• Converter parameters optimization. Through importing the real-life ambient traces and concurrently optimizing the inductance, capacitance, and MOSFET switch size for each dc-dc converter, the average output power of the dc-dc converter can be increased by 2.50%, 7.92%, and 10.37% for TEG, PV, and PZ, respectively. • We adopt the feedforward backpropagation neural network-based prediction algorithm for energy-harvesting predictions in embedded systems with NVPs to predict the time of the next power failure of NVPs and compensate the power failure though triggering the OS scheduler.We thoroughly investigate the methods of the neural network-based harvesting predictions for both single and multiple sources and evaluate the prediction accuracies on the measured TEG, PV, and PZ energy-harvesting traces.
Multisource energy harvesting Figure 1a illustrates the system diagram of the multisource energy harvester for NVPs with three energy sources: TEG, indoor PV, and PZ. Given the required output voltage, there is a mismatch between each energy source and the NVP. For PV and PZ harvesters, buck converters are required as their supply voltages are higher than that of NVP, whereas boost converter is required for TEG harvester as its supply voltage is relatively lower than NVP supply voltage [4] .
To simplify the multisource energy-harvesting structure, the dc-dc converters in the energyharvesting system share a single filter capacitor at the terminal. The system structure simplifies the control methodology and allows individual maximum power extraction techniques for different input energy-harvesting sources compared with the work in [5] , in which a complex circuitry was used to control the maximum extractable power from the energy sources. Therefore, the overall system performance can be improved through the flexible structure.
Multi-input energy-harvesting traces
A single indoor energy source is variable and sporadic due to the high dependency on the environmental conditions. On the other hand, employing multiple energy sources (TEG, PV, and PZ) can compensate the limitation of a single-source harvesting system and improve the reliability and the performance of energy harvesting, which provides a more stable and sufficient power source for the NVP.
As shown in Figure 1b , for TEG, we adopt a thermal energy-harvesting module [6] to measure the harvested power trace, at the ambient temperature of 25°C with a heat sink attached to the surface of the harvesters. We select TES 1333 solar power meter to measure the irradiance, which can be converted into power trace based on our extracted PV models [7] . We measure the indoor PV power trace under a 100 W indoor lamp. To obtain a harvested PZ power trace, we adopt a Nike+ Fuelband and then extract the average power trace in a consecutive week from the band data using energy conversion relationship [8] .
Maximum power extraction optimizations
Fixed Voltage Operation Point for Indoor PV System: Due to the linear model and fixed internal impedance feature of PZ and TEG devices, the converter setting can be initialized and fixed during implementation. On the other hand, the operating point of the converter for PV panel needs to be constantly adjusted, i.e., using MPP tracking to maximize the output power. In order to reduce the overhead of the algorithm-based MPP tracking method for embedded applications, we fix the duty ratio of the PV converter such that the output voltage of PV is fixed at a certain appropriate point, which can achieve approximately maximum power output. Based on our experiments, for the given different input voltage levels, the maximum output power in the PV energy-harvesting system occurs when the PV voltage is around 80% of the open circuit voltage.
Converter parameters optimization Figure 1c shows a typical schematic of a bucktype inductive dc-dc converter (the optimization technique also works for boost-type converters) for energy-harvesting-based NVP [9] .
Buck converters (for PV and PZ) and boost converter (for TEG) are utilized to connect the ambient energy harvesters and NVPs. Based on our experiments, we can increase the average output power of the energy-harvesting system through simultaneously optimizing the inductance and capacitance value and MOSFET switch size for every converter (connected to TEG, PV, and PZ) subject to the ripple magnitude constraint. Figure 2 demonstrates the output power of the dc-dc converters before and after the optimization in TEG, PV, and PZ harvesters. We optimize the MOSFET switch size of the dc-dc converter, inductance, and capacitance values for each converter connected to the harvesting system under the MPP operating condition. The result shows that the average output power of the dc-dc converter can be increased by 2.50%, 7.92%, and 10.37% for TEG, PV, and PZ, respectively, as shown in Figure 2 .
Neural-network-based single-source energy-harvesting prediction
Accurate prediction is critical for ambient energy-harvesting-based NVPs as the energy harvesting prediction has the ability to coordinate with the task scheduler in the OS of NVPs. Once a power failure is predicted, i.e., the input harvesting power is predicted to drop below a predefined threshold value Pth, the prediction algorithm will trigger the scheduler with the predicted power failure time, and coordinate with the task scheduler for scheduling tasks and performing checkpointing. In the coming clock cycles, the scheduler will work with the harvesting system to compensate the power failure caused by unstable ambient energy sources. A neural network-based prediction approach with a four-layer feedforward backpropagation structure is adopted for future energy-harvesting prediction. The prediction method is responsible for predicting the time of the next power failure of the NVPs and compensating the power failure through triggering the OS scheduler. In this paper, we consider the combination of energy-harvesting source TEG, PV, and PZ with the corresponding prediction techniques.
In this section, we aim to investigate the most suitable single-source energy-harvesting prediction for the NVP. We evaluate two prediction methods based on an artificial neural network (ANN). The first method directly predicts the output power of the dc-dc converter, as presented in the previous section. The second prediction method, as presented above, first predicts the input power of (buck or boost) dc-dc converter and then estimates the output power using accurate dc-dc converter modeling [10] derived from actual measurements.
Method I: Directly predict each output power of the dc-dc converters
The prediction MSE for output power of the buck converter connected to indoor PV is 33.0%, and the prediction MSE for the output power of the boost converter connected to TEG is 1.38%. A reasonable explanation for the MSE difference between TEG and PV energy harvesting is that the temperature change is relatively slow, while the indoor PV irradiance exhibits dramatic temporal variations. For PZ, the prediction MSE for output power of the buck converter connected to PZ is 7.85% as shown in Figure 3c . This illustrates that the randomness of the body movement is between the indoor PV irradiance and temperature change.
Method II: Predict each input power of the dc-dc converters, and then estimate its output power
The method first predicts the input power of (buck or boost) dc-dc converter, and then estimates its output power using accurate dc-dc converter modeling [10] . The input feature vector of the ANN algorithm includes the previous and current input power values of dc-dc converter (collected by energy harvesters as shown in Figure 1b ) connected to indoor PV or TEG. The estimated versus measured output power of dc-dc converters are shown in Figure 4a and b.
The MSE of output power of buck converter is increased to 33.9% compared to that in Method I. Similarly, for PZ harvesting, the MSE of the predicted input power of the buck converter is 7.85% and the output power of the buck converter increases to 8.00% compared to the first method. This is because as shown in Figure 4c , the prediction results of the input power of the buck converter exhibits less variations compared with the actual results. This implies that it is difficult to predict the output power of the dc-dc converter when the converter has low Before Optimization After Optimization conversion efficiency (i.e., when its input power is extremely low). For TEG harvesting, the prediction MSE for the output power of boost converter slightly decreases to 1.18% compared to the first method.
In sum, for single source energy-harvesting prediction, directly predicting the output power of each dc-dc converter (Method I) tends to be suitable for single-source energy-harvesting prediction as shown in Table 1 .
Neural-network-based multiple-source energy-harvesting prediction
To conduct a comprehensive investigation, in this section, we also introduce three prediction methods for multisource energy harvesting, as shown in Figure 5 . To appropriately combine the TEG, PV, and PZ power traces (which is of different orders of magnitudes), we normalize the collected trace data to the same order of magnitude.
Method III: Directly predict the combined output power
This method predicts the combined output power of dc-dc converters using the similar backpropagation-based neural network [11] . To thoroughly investigate this method, we first consider two input feature vectors (TEG and PV) (studied in the preliminary conference version [12] ). The prediction versus combined actual output power of dc-dc converters connected to TEG and PV are shown in Figure 6a . The prediction MSE for the combined output power of converters is 19.3%. Compared to the single-source energy-harvesting prediction, predicting the combined output power of dc-dc converters can significantly improve the prediction accuracy and mitigate the MSE. Thus, employing multiple energy sources can compensate the limitation of single renewable energy source and improve the reliability of energy harvesting.
We then consider three input feature vectors (TEG, PV, and PZ). The predicted versus actual combined output power of the three dc-dc converters connected to TEG, PV, and PZ are shown in Figure 6b . The prediction MSE of this method is 11.93%, which is lower than considering two input vectors only. Thus, multiple energy harvesting can mitigate the limitation of a single energy source, improve the reliability of the energy-harvesting system, and provide a more stable and adequate energy source for NVPs.
Method IV: Predict separate input powers of dc-dc converters, then estimate the total output power feature vectors (TEG and PV). In this case, the MSE of total inferred output power of dc-dc converters is 27.19%, which is notably higher than directly predicting the total output power values (Method III). This confirms that directly predicting the total output power of dc-dc converters is a better method due to less variations compared with separately predicting input powers of dc-dc converters and then estimating the total output power.
We then consider three input feature vectors (TEG, PV, and PZ). The predicted versus actual total output power of the three dc-dc converters connected to TEG, PV, and PZ are shown in Figure 6d . The prediction MSE of this method for the total output power of the three converters is 20.60%, which is lower than considering two input vectors only and higher than that of predicting the total output power values (Method III). A reasonable explanation is that the dc-dc converter can increase its output power variations such that the prediction MSE is increased. Therefore, predicting the total output power of dc-dc converters directly is a better method. Multiple energy harvesting can improve the reliability of the energy-harvesting system.
Method V: Predict total input power, then infer the total output power using a learned mapping function
We use the previous 35 slots of total input power values as input feature vector to predict the total input power of the next minute. However, because all converters and all harvesting powers are different, we cannot directly estimate the total output power of dc-dc converters in a straightforward way. To solve this issue, we adopt a machine learning-based method that uses a trained mapping function to map the total input power to the total output power of dc-dc converters without using detailed converter modeling. To evaluate this method, we first consider two input feature vectors (TEG and PV) [12] . The prediction results versus the actual results are depicted in Figure 6e . In this case, the MSE is 19.6%, which is about the same compared with Method III that directly predicts the total output power of dc-dc converters. We then consider three input feature vectors (TEG, PV, and PZ). The predicted versus actual total output power of the three dc-dc converters connected to TEG, PV, and PZ are shown in Figure 6f . The prediction MSE of this method for the total output power of the three converters is 13.75%, which is lower than predicting two input vectors as adding PZ source further stabilizes the total output power and mitigates the prediction variation caused by single PV energy harvesting. Meanwhile, it is notably higher than that of predicting the total output power values (Method III).
In conclusion, for multiple-source energyharvesting prediction, the multiple energy-harvesting system is more stable compared with the single-source case and can effectively eliminate the drawback of a single energy source. Directly predicting the total output power of dc-dc converters (Method III) achieves the highest prediction accuracy as shown in Table 1 .
We invesTigaTe a detailed multienergy-harvesting architecture. By importing the real-life ambient indoor irradiance level, PZ harvester power trace and thermal energy power trace into the corresponding dc-dc converters with the maximum power extraction optimization and the converter parameters optimization, the output power of the multisource indoor energy-harvesting system could be significantly improved. We then utilize artificial neural network-based energy-harvesting prediction methods, which are responsible for predicting and compensating the power failure by triggering the OS scheduler. We further investigate the comprehensive prediction methods for both single and multiple energy-harvesting sources. We confirm that the multiple energy-harvesting system is more stable compared with the single source case and can effectively eliminate the drawback of a single-energy source. The experimental results show that the most favorable prediction method is directly predicting the total output power of dc-dc converters (Method III), for multisource energy-harvesting predictions.  
